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I. Introduction

A database is the heart of computer-based
information systems. A database query language
(DBQL) is a special-purpose language by which
a user is able to issue high-level commands or
statements to retrieve information from a date-
base (Date, 1995). A DBQL is primarily intended
for use by end-users rather than professional
programmers; thus, the functionality provided
by database systems is determined mostly by
user interfaces (Stonebraker, 1988). The field of
DBQLs is approaching maturity, and the focus
has begun to shift towards user interface (Owei
and Higa, 1994).

One approach to enhance user interface of
DBQLs is employing natural language. Natural
language systems allow users to carry on a
dialogue with the computer in their own
native language, rather than a structured com-
mand language. Barbary (1987) argued that
traditional structured DBQLs were not adequately
serving the needs of the novice end-users. He
suggested that natural language, by permitting
users to communicate with the system in
their own native language, was an attractive
approach. A complete natural language system,
however, is not currently available, nor expected
in the near future. By contrast restricted
natural language (RNL) interfaces have become
more common and easier to use since the first
commercial system was introduced in 1981
(Stevens, 1986).

Results on usability of RNL database interfaces
have been conflicting. Dekleva (1994) reported
that an existing RNL system, INTELLECT,

might be practical for novice users, and other
studies (Suh and Jenkins, 1992; Napier et al.,
1989) have shown that an RNL interface was
superior to a structured language interface.
Ein-dor and Spiegler (1995) proposed a model
for natural language access to multiple data-
bases to enhance the usability of data retrieval
which was an extension of RNL interfaces for
a single database. On the other hand, RNL
systems are criticized by their verbosity, inability
to handle ambiguities, and lack of guidance
(Capindale and Crawford, 1990). For example,
users of the RNL systems committed "over-
confidence" errors nearly twice as often as
structured language users (Suh, 1989). These
errors occurred when there was miscommuni-
cation (a valid query but not the intended
one) between the user and the system because
of the ambiguity and imprecision of queries
expressed in an RNL.

Many studies (Batra and Sein, 1994; Molich
and Nielsen, 1990; Slator et al, 1986) has
suggested that appropriate feedback would
improve user performance by reducing mis-
communication between the user and the
system. The statement that feedback will
improve user performance has strong face
validity, but it has not yet been examined
empirically. The objective of this study is to
examine the effects of a structured feedback
in an RNL database interface on a casual
user’s performance. This study scrutinizes whether
the structured feedback, as currently available
in a commercial system, INTELLECT, can improve
the performance of a casual user using an
RNL database interface.
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II. Background

This section examines the relevant literature,
including that on the problems of RNL, the
concept of feedback, and the use of a feedback
echo.

2.1 Problems of Restricted Natural
Language

A study (Suh, 1989) comparing an RNL
database interface with SQL concluded that
RNL provides a better user interface than
SQL for novices performing data retrieval
tasks. However, RNL subjects did experience
problems of miscommunication between the
user and the system. From the results of this
study, the incorrect solutions (queries) can be
classified as either:

Type 1. The solution was incorrect, and the
subject knew that it was wrong,

Type 2. The solution was incorrect, but the
subject did not know that it was

wrong,

In case of the RNL interface, 86% of the
incorrect solutions were of type 2. This per-
centage was almost twice as high as in SQL.
The type 2 error arises largely from mis-
communication between the user and the
system. This result strongly suggests that
methods of improving the communication ability
of an RNL should be studied. A feedback
echo, which is explained in detail below, can
be a candidate method.

2.2 Concept of Feedback

Feedback has long been of central concern
in psychological studies of group experience
and decision making (Wing, 1990; Hogarth et
al., 1991). According to Napier and Gershen-
feld (1973), feedback is nothing more than a
process to find out whether the message
intended is the message actually received.
Even though most research on feedback has
considered feedback effects as a black box,
Payne and Hauty (1955) suggested two possible
mechanisms: motivational and directive pro-
perties. The motivational explanation asserts
that feedback acts as a reward or reinfor-
cement that leads to enhanced performance.
Under the directive explanation, feedback contains
information that allows the subjects to correct

errors in performance.

2.3 Feedback Echo

A feedback echo is a restatement of the
user's query and informs the user what the
system intends to do for the query. This
provides backtracking of the user's query so
that the user knows how the system has
interpreted the query. Some commercial RNL
systems such as INTELLECT provide this
function using a structured language. A feed-
back echo in an RNL system is expected to
reduce miscommunication between the user
and the system. Because the feedback echo
contains information that allows the user to
correct errors, its effects, if any, seems to be
produced by the directive property rather
than motivational.
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Even in communication between humans, it
is seldom true that one person completely
understands everything the other person intended
to convey. Guinan (1988) conducted a field
experiment to study communication behaviors
of highly-rated versus lowly-rated system
developers. The results showed that highly-
rated developers used specific communication
behaviors more frequently than their lowly-
rated counterparts while eliciting system require-
ments from a user. Among these specific
communications behaviors the most important
behavior was backtracking. Backtracking refers
to statements made to verify what someone
has said or experienced. Use of backtracking
improved communication ability.

The feedback echo is a kind of backtracking
provided by the system In this way, ambiguities
in communication between the user and the
system can be reduced, and as a result user
performance is expected to improve.

The feedback echo of an RNL system is
also expected to educate a user subliminally
such that the user mimics the echo when he
or she issues a command. Slator et al. (1986)
showed that appropriate mnemonic feedback
built into a natural language interface could
act as a teacher to help users acquire formal-
language skills as they work. Another study
(Capindale and Crawford, 1990) has shown
that feedback helped users understand the
language limitations and learn how to avoid
or recover from errors.

In summary, a feedback echo of an RNL
system should have positive effects both on
user performance and on learning through
its directive property if it is appropriately
designed.

. Research Model and
Hypotheses

The user of a system expresses his goal in
psychological terms, while the system presents
its current state in physical terms. According
to Norman (1986), the user’s goals and the
system state differ significantly in form and
content, creating the gulfs that need to be
bridged if the system can be used. The gulf
of execution goes from the user to the system.
This distance is bridged in four sequences:
intention formation, specifying the action sequence,
executing the action, and making contact with
the input mechanisms of the interface <Figure 1>.

Execution Bridge

<
-

Interface . Action :
mechanism Execution specification Intentions

Physical
System Tnterface
display

User

Pemeption Interpretatiok{va]mﬁm

N

Evaluation Bridge

<Figure 1> Bridging the Guifs of Execution and Evaluation

The gulf of evaluation, which is the focus
of this study, goes from the system to the
user. This gap is bridged in another four
segments: starting with the output displays of
the interface, moving to the perceptual pro-
cessing of those displays, to its interpretation,
and to the evaluation comparing its interpre-
tation with the original goals and intentions.
The amount of cognitive effort required to bridge
these gaps can be attributed to the semantic
distance and the the articulatory distance. As
the focus of this research is on the evaluation side,
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the concept of semantic and articulatory dis-
tance in evaluation is examined in more detail.
Evaluation semantic distance refers to the
mental process required for the user to deter-
mine whether the goal has been achieved.
Hutchins ef al. (1986) provides an excellent
example of matching the user’s intentions by
appropriate output language in order to reduce
evaluation semantic distance. When a user
attepts to control the rate at which the
water level in the tank is rising, the output
in <Figure 2B> is more semantically direct
than that in <Figure 2A>. Because <Figure 2A>
does not provide the rate of change directly,
the user has to observe the value over time
and mentally compare the values at different
times to calculate the rate of change. On the
other hand, the rate of change is directly
displayed by a little arrow in <Figure 2B>.
This reduces the cognitive effort required by the
user, making the evaluation semantic distance

between user and system much shorter.

50 inches

65 inches

58 inches 65 inches

<Figure 2> Example of Two Output Languages

While the semantic distance is related to a
decision about what to do, the articulatory
distance is related to deciding how to do it.
Evaluation articulatory distance concerns the
relationship between the meanings of expre-
ssions and their physical output form. For
example, if the user is interpreting the changes

in net income over last 10 years, a graphical
display can provide more articulatory directness
than a table of numbers, even though both
contain the same semantic information.

There are only two ways to bridge these
distances between user and system: move the
system closer to the user, or move the user
closer to the system (Norman, 1986). The
former means providing an interface that
matches the user’s psychological requirements,
in a form that can be readily interpreted and
manipulated. The latter means training the
user to build up mental structures that are
compatible with the system'’s.

3.1 Research Model

A feedback echo can be designed to reduce
both the semantic and articulatory distances
by moving the system closer to the user. The
feedback echo should reduce the semantic
distance by providing information that allows
the user to correct errors; in addition, it
should be presented in a manner easily understood
by the user to reduce the articulatory distance.
The research model of this study is illustrated
in <Figure 3>. Use of a feedback echo should
reduce the semantic and articulatory distances,
and the resulting distances should reduce the
cognitive effort required by the user. Finally
cognitive effort inversely affects user perfor-
mance. In this study, the semantic and
articulatory distances and cognitive effort are
treated as intervening variables.l)

1) An intervening variable is an unobservable process or
state associated with an organism that helps to explain
linkages between an independent variable and a
dependent variable (Stone, 1978, pp. 24-25)
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<Figure 3> The Research Model

Cognitive L User
Performance

The present study focuses the effects of a
feedback echo on the casual user. Casual users
are those who access a database occasionally;
thus, they may have difficulty remembering the
rigid syntax if a structured language is employed
for data retrieval. A restricted natural language
database interface can benefit this type of user
the most.

This study also focuses on the initial performance
of the user, not on leamning Feedback can
affect not only initial performance, but also
learning, because a feedback echo can educate
the user subliminally and thus move the user
closer to the system. This is another important
research issue, but it is not handled in this
study. One of the claimed advantages of a
natural language interface is that it requires
little or no formal training; because of this
claim, the authors chose to focus on initial
performance of the casual user.

3.2 Hypotheses

Guinan (1988) found that backtracking was
the most important tool for effective commu-
nication. In this study, a feedback echo is
introduced as a backiracking tool which can
reduce the gulf of evaluation between the
user and the system. If the feedback echo can
reduce the semantic and articulatory distances,
the echo may enable subjects receiving the
feedback to become more aware of their

errors when their query does not retrieve the
right data than will be the case for the
subjects without the feedback echo. To test
this hypothesis in the present study, subjects
are allowed to correct their queries as many
times as they wish after receiving results. The
error recovery rate is defined as the percentage
of the queries which are not correct at first,
but modified once or more and finally are
correct. The detailed description of the error
recovery rate is provided in the Measurement

section.

H1: The feedback echo (FE) group will perform
better than the non-feedback echo (NE)
group in terms of the error recovery rate.

The FE subjects receive a structured restate-
ment of how the system interpreted their
queries. If this restatement can reduce the
feeling of miscommunication, then they will
be more confident about the results than the
NE subjects.

H2: The FE group will be more confident about
their solutions than the NE group.

When a user has retrieved data using an
RNL interface, two kinds of communication
errors can occur. One is that the user considers
wrong data as correct. In other words, because
the user retrieved some data successfully, he
or she automatically believes that these data
are correct, even though they are not. This
type of errors needs to be eliminated because
the user may use the incorrect data to make
a critical decision.

The other type of error is just the opposite.
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In this case, even though the user retrieved
the correct data, he or she believes that these
data are incorrect. The problem in this case is
that the user will not use the valid data in
his or her decision-making. FEither of these
errors will have a negative impact on user
performance. If it is well designed, the
feedback echo is expected to reduce these two
types of communication errors.

H3: The FE group will perform better than
the NE group in terms of communication
errors.

V. Research Method

To examine the above hypotheses a posttest-only
control group design was employed. Because
subjects are randomly assigned to one of the
two groups, with and without a feedback echo,
it is a true experimental design (Campbell
and Stanley, 1963).

4.1 Restricted Natural Language System

Several RNL interfaces for database systems
are currently available in the market. From
these interfaces, INTELLECT (1982) was selected
as the RNL system for this experiment because
it has obtained a notable success as an RNL
system as well as it provides a feedback echo
facility (Shneiderman, 1992). Typical examples

<Table 1> Demographic Data for Subjects

of feedback echoes supplied by INTELLECT
for user queries are listed in the Appendix.
The basic structure of the feedback echo of
INTELLECT is:

PRINT <items displayed>
OF ALL RECORDS WITH <selection conditions>.

4.2 Subjects

A total of 70 subjects were recruited for
this study from the undergraduate student
population enrolled in the introductory computing
course in the School of Business at a large
state university, and 67 subjects completed the
experiment successfully. Demographic data for
the subjects are provided in <Table 1>. There
were no significant differences between the FE
and NE groups on the basis of demographics,
according to t-tests. Students received limited
credit in the computing course by participating
in the experiment. To enhance students’ interest
in the experiment, prizes of $20 were awarded
to the subject in each group (FE and NE) with the

highest number of correct queries (solutions).

4.3 Task

To capture various aspects of ease-of-use of a
query language, experimenters have developed
a number of different tasks—query writing, query
reading, query interpretation, question compre-

FE 27 6 1 32

0 1 18 15 34

NE % 5 |1 | » |

1 | 3 18 12 3
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hension, memorization, and problem solving
(Reisner, 1981). Query writing has been among
the most frequently used tasks (see Greenblatt
and Waxman, 1978 Reisner, 1977, Suh and
Jenkins, 1992; Tuner et al, 1984), and it was
employed for this experiment. Each subject
was given ten questions and required to enter
a query for each question into the terminal.
After entering the initial query, INTELLECT
responded with an error message or a solution
(which may or may not have been correct).
Subjects could modify the query as many
times as they wished, until they were either
satisfied with the solution or they had no
idea how to proceed.

4.4 Procedures

Subjects were randomly assigned into one
of the two groups--34 subjects for the FE
group and 33 subjects for the NE group.
Subjects studied a training manual at their
own pace at the terminal. The training manual
included a series of increasingly more difficult
queries to formulate and enter into the terminal.
It took an average of about 46 minutes for
the FE group and 45 minutes for the NE
group to complete the training session, with
no significant difference between the times for
the two groups. This short training session
did not provide sufficient time for the FE
subjects to be educated in any significant way
by mimicking the feedback echo.

After subjects finished the manual, they
received a task booklet containing ten questions.
The average times taken for the test sessions
were 34 minutes for FE and 33 minutes for
NE, again with no significant difference between

the time for the two groups. For the NE
group, the feedback echo facility of INTELLECT
was turned off during both the training and

test sessions.

4.5 Measurement

A query was graded by comparing the
data retrieved with the data requested in the
question. Each correct query received a score
of 1, and there was no partial credit because
subjects were allowed to change their queries
as many times as they wished. The correct

queries were classified as either:

Type 1: The solution was correct at first.
Type 2: The solution was not correct at first, but
it was modified once or more and

finally was correct.

Correct queries were divided into two
types to examine the effects of the feedback
echo on the error recovery ability of subjects.
Because each subject was given 10 questions,
the error recovery rate was calculated accord-
ing to the following formula:

Number of Type 2 solutions
10 - Nuber of Type 1 solutions

X 100

Error recovery rate =

The confidence of subjects in their solutions
was measured using a single question after
they finished each problem. The question was
in the form of a 5-point Likert-type scale: 1=very
sure query is correct, 2=fairly sure query is
correct, 3=50-50 chance query is correct, 4=fairly
sure query is incorrect, 5=very sute query is
incorrect.

8 ZIYYEIAAPT
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Communication errors occurred when the
actual results from a query {correct or incor-
rect) did not match the confidence in the
result expressed by the subject (very sure query
is correct or very sure query is incorrect). Two

types of communication errors are considered:

Type 1 error: the subject is very sure query is
correct (confidence=1), but the
actual result was wrong.

Type 2 error: the subject is very sure query is
incorrect (confidence=5), but the
actual result was right.

To increase the FE subjects’ attention on
the feedback echo, the echo was highlighted
on the screen. In addition, the FE subjects
were asked to assess the usefulness of the
feedback echo for each problem using a single
question. The question was in the form of a
5-point Likert-type scale: 1=quite helpful, 2=
somewhat helpful, 3=neither helpful nor unhelpful,
=somewhat unhelpful, 5=quite unhelpful. The
mean score of the FE group on the usefulness
question was 1.92. This score can be interpreted
that the FE subjects felt the feedback echo for
each problem was somewhat helpful on average.

V. Data Analysis

The results are summarized in <Table 2> and
<Table 3>. The independent samples t-test is
employed to analyze differences between various
means of the two groups and the significance
level of .05 is used. The two groups were not
significantly different in terms of the number
of type 1 correct queries (those queries which
are correct on the first try). The FE group

had an average of 371 and the NE group
409 type 1 correct queries. The standard
deviations were quite large in both groups,
230 for the FE group and 240 for the NE
group, which means the individual differences
within groups were large. In fact, the best
scores on the first try were 9 in both groups
and the worst scores were 1 in the FE group
and 0 in the NE group. The two groups were
not different in terms of average number of
trials for a question. The FE subjects made
224 trials per question and the NE subjects
tried 2.39 times per question.

The fact that the two groups were not
different in terms of the number of type 1
correct queries and the number of trials per
question provided a sound basis on which to
test hypothesis H1. If they were different, it
would have been difficult to compare their
error recovery rates because the two groups

would not been starting from the same base.

<Table 2> Comparison of Two Groups for Initial Conditions

Number of Type 371 4.09 1 51
Correct Queries (2.30) (2.40) ' ’
Number of Trials 2.24 239 71| a6
per Question (0.68) (0.95) ’ ’

<Table 3> Summary of Hypothesis Tests

20! &
Rate (20.8%) | (235%)
Confidence 209 24
n
Level 08 | o |
Commumication | 138% | 13.0% 16| s
Frror Rate (105%) | 23%) | |-
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H1: The feedback echo (FE) group will perform
better than the non-feedback echo (NE)
group in terms of the error recovery rate.

Even though the FE group had a slightly
higher error recovery rate (43.2%) than the
NE group (41.9%), it was not a significant
difference. The feedback echo facility provided
by INTELLECT was not able to improve a
casual user's error recovery ability. The FE subject
felt that the feedback echo was somewhat
helpful, but it did not actually help them.

H2: The FE group will be more confident about
their solutions than the NE group.

There was no significant difference between
the two groups in terms of confidence. The
mean scores on confidence level were relatively
high in both groups, 209 for the FE group
and 2.04 for the NE group. In other words,
subjects were fairly sure about the correctness
of teir queries on average. Different from
what was expected, the feedback echo of
INTELLECT did not increase the confidence
of casual users.

H3: The FE group will perform better than
the NE group in terms of communication
errors.

The communication error rates of the two
groups were not significantly different, either.
The average communication error rate of the
FE group was 13.8% (126% believed that
incorrect data were in fact correct, and 1.2%
believed that correct data were incorrect), and
that of the NE group was 13.0% (10.6% and
24%, respectively).

VI. Error Analysis

The feedback echo of INTELLECT did not
improve the performance of casual users in
terms of error recovery rate, confidence, and
communication errors. This result is rather
surprising, considering previous research about
software feedback. Molich and Nielsen (1990)
found that feedback is one of the most
important features in terms of improving human-
computer dialogue. Slator et al. (1986) have
suggested that a feedback echo of a natural
language interface could reduce the ambiguities
inherent in a user's command. In addition,
the INTELLECT manual emphasizes the impor-
tance of the feedback echo and recommends
its use every time the user is querying.

To investigate this surprising result, every
error and the subsequent trials made by the
subjects were carefully scrutinized. The results
of this detailed error analysis are reported in
this section. Errors can be classified into two
general categories according to whether a
subject retrieved some data or not for the
specific query. One type of errors occurs
when a subject receives an error message and
never corrects the error in the subsequent
tries. In this case, the INTELLECT system will
not provide a feedback echo for the query
because it cannot interpret the query.

Another type of errors takes place when a
subject retrieves some data but the data are
wrong. In this case, the FE subject will
receive a feedback echo with the data retrieved
while the NE subject will not. Because of our
interest in the effects of the feedback echo,
we concentrated on these wrong data errors.
These errors were divided into five categories

10 ZYF=soi7
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<Table 4> Summary of Errors

36.54% 33 42.42% .
31 15 48.39% 33 18.18% 04
20 8 40% 19 47.37% .65
9 11.11% 12.5% -
4 0 0% 2 0 0% -
116 43 37.07% 95 30 31.58% 82

based on the cause of retrieving wrong data.
The frequencies of each error type and the
recovery rates are summarized in <Table 4>.

The most common error found in this
experiment was leaving out a data item
required by the question. For example, some
subjects retrieved product numbers when product
names were requested, and others retrieved
individual quantities when the sum of the
individual quantities was required. The FE
group made 52 errors of this type, and 19 of
them were recovered in subsequent tries,
while the NE group recovered 14 of 33 errors
committed. There was no significant difference
between the two groups in terms of the error
recovery rate. In interpreting this result, it
might be argued that the NE group could
recognize the missing data items from the
output data as easily as the FE group.

A second type of error was using a wrong
condition for data retrieval. For example,
some subjects retrieved products with a retail
price of $19 when the question requested
products with a retail price equal to or
greater than $19. The FE group was signifi-
cantly better in recovering this type of error

than the NE group (484% vs. 18.2%, p=.04).
The feedback echo seemed to reduce miscom-
munication between the system and the user
for this type of error. This was especially true
when the subject used a pronoun in a query.
For example, when a subject followed a query
relating to a customer named James Lee (e.g.
SHOW ME THE ITEMS PURCHASED BY
THE CUSTOMER JAMES LEE) with the

query

SHOW ME THE DEPARTMENT NAME
AND ITS QUOTA FOR ITEMS WITH
RETAIL PRICE=99.95

the INTELLECT system responded with the
feedback echo

PRINT THE ITEM NUMBER, ITEM DES-
CRIPTION, DEPARTMENT NAME

AND QUOTA OF ALL RECORDS WITH
CUSTOMER NAME=JAMES LEE'

AND RETAIL PRICE=99.95.

The INTELLECT system interpreted ITS
QUOTA in user’s query as QUOTA OF ALL

Hod 2%
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RECORDS WITH CUSTOMER NAME=JAMES
LEE" because it interpreted the pronoun ITS
as the search condition of the previous query
issued by the same user. Because the above
feedback echo was not provided for the NE
group subjects, they had more difficulty inter-
preting the result.

As another example of misinterpretation,
INTELLECT processed the query

SHOW ME DEPARTMENT NAMES, NUMBERS
SOLD BY DEPARTMENT,
AND THE QUOTA ASSIGNED FOR ITEM

as

PRINT THE DEPARTMENT NAME, QUOTA
AND ITEM NUMBER OF ALL

RECORDS WITH DEPARTMENT NAME=
NUMBERS.

It was much easier for subjects to detect
this kind of miscommumnication when the feedback
echo was provided.

Other common errors occurred in writing
AND/OR queries. For example, when the question
requested the data about customers whose bill
was above $1,000 and the customers whose bill
was below $200, many subjects formulated the
search condition as

BILL > 1000 AND < 200.

This was not correct because customer’s bill
cannot be greater than 1000 and, at the same
time, less than 200. The condition should be
stated as

BILL > 1000 OR < 200.

The feedback echo was not effective in
facilitating recovery from this type of error.
In fact, this type of error can be prevented
by employing a simple artificial intelligence
program to detect the error and convert an
inappropriate AND to an OR automatically.
At least one RNL system, CLOUT (1986), provides
an automatic AND/OR conversion function.

Another type of error found in this experiment
was leaving out a necessary condition. Both the
FE and NE groups were ineffective in recovering
from this type of error (11.1% vs. 125%).
Most likely, the subjects in both groups who
made this type of error did not fully comprehend
the question, and the feedback echo did not
facilitate better comprehension of questions for
the FE group.

Finally, miscellaneous errors such as mistakes
in an operator or a calculation were found, but
the feedback echo was not helpful here either.
Overall, there was no significant difference between
the FE group (37.1%) and the NE group (31.6%)
in terms of the error recovery rate. However, the
feedback echo was effective in recovering errors
caused by using the wrong conditions for data
retrieval.

VI Discussion and Conclusions

This study examined the effects of feedback
echo of an RNL system on casual user perfor-
mance. This section provides a general discussion
of findings and suggestions for future research,
as well as limitations of the study.

7.1 Discussion of Findings

From the results of this study, it can be
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concluded that the particular type of feedback
echo available in this commercial system was
not effective in terms of improving the overall
performance of casual users. It is worth to
mention, however, that the feedback echo was
effective for one specific type of error: using
the wrong conditions for data retrieval. These
errors often occurred when the RNL system
misinterpreted a pronoun in the query or
made a seemingly strange interpretation of
the query. In these cases, the feedback echo
reduced the gulf of evaluation by permitting
the user to compare the system's interpretation
with the user’s original goals and intentions.

For these errors using the wrong conditions
for data retrieval, the difference of 30% in the
error recovery rate between the FE and NE
groups might be explained by the evaluation
semantic distance. The FE subjects were provided
information about how the system interpreted
the users” query, so the user did not have to
speculate why he/she received unexpected
results, making the evaluation semantic distance
between user and system much shorter.

While the feedback echo contributed to
reducing semantic distance, the echo did not
seem to have much impact on the articulatory
distance. Evaluation articulatory distance con-
cerns the relationship between the meanings
of expressions and their physical output form.
About half of the errors using the wrong
conditions were not recovered even though
the FE subjects received the feedback echo
containing helpful information about the systents
interpretation. These subjects may have ignored
the feedback because they could not understand
it; thus, a better method of presenting a feed-
back echo should be developed. Owei and

Higa (1994) have suggested an interesting
paradigm for natural language explanation of
database queries employing a semantic data
model approach. Another possibility is the
development of a graphical or form-based display
which can provide more articulatory directness
than a structure query, even though both
contain the same semantic information. For
example, Adam et al. (1994) have described a
methodology for processing data retrieval and
update queries using a form-based natural
language interface.

For other types of errors, the feedback echo
did not improve the performance of casual
users, at least statistically. However, most of
these errors (e.g, leaving out a data item
required by the question or leaving out a
necessary condition) seemed to occur because
the users did not comprehend the question,
not because users had problems with the
system. Those errors that occurred in writing
AND/OR queries can be prevented by using
a simple artificial intelligence program, as
explained above. Considering all these factors,
the feedback echo does seem to improve casual
users’ performance to some extent, although
there is certainly room for further improvement
in terms of reducing the evaluation articulatory
distance.

7.2 Suggestions for Future Research

The results of this study suggest that more
focused research into the types of errors
related to the feedback echo is needed. Prior to
this, however, a formal classification of error
types in query wring should be developed
for RNL. Previous studies (Thomas and Gould,
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1975; Reisner et al, 1975) classified errors for
the structured query language, but these classifi-
cations can not be directly used because the errors
occurring in RNL systems are quite different
from those in structured query language systems.

Further research is also required to develop
a more effective feedback echo for an RNL
database interface. What kinds of information
should be presented in a feedback echo to
reduce semantic distance? In what form should
this information be presented to shorten articulatory
distance? For example, the concept suggested
by Owei and Higa (1994) should be empirically
tested.

Another research issue relates to individual
differences. There have been significant debates
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Appendix: Typical Examples of Feedback Feedback echo: PRINT THE TOTAL ONHAND

QUANTITY OF ALL ITEMS WITH RETAIL
PRICE > =19.00.

User’s query: show me the department names

and quota for the departments where User’s query: show me the description of the

retail price=99.95.

Feedback echo:

item and (retail pricexX1.3) where onhand
quantity < .5Xreorder quantity.

PRINT THE DEPARTMENT

NAME AND QUOTA OF ALL RECORDS Feedback echo: PRINT THE ITEM DESCRIPTION,

WITH RETAIL PRICE=99.95. ITEM NUMBER, (RETAIL PRICEX1.3),

ONHAND QUANIITY AND (5XREORDER

User's query: give me the sum of onhand quantity QUANIITY) OF ALL TTEM5 WITH ONHAND
whose retail price > =$19. QUANTITY < (5XREORDER QUANIITY).
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